Frequently interrupting someone who is busy will decrease his or her productivity. To minimize this risk, a number of interruptibility estimation methods based on PC activity such as typing or mouse clicks have been developed. However, these estimation methods do not take account of the effect of conversations in relation to the interruptibility of office workers engaged in intellectual activities such as scientific research. This study proposes an interruptibility estimation method that takes account of the conversation status. Two conversation indices, "In conversation" and "End of conversation" were used in a method that we developed based on our analysis of 50 hours worth of recorded activity. Experiments, using the conversation status as judged by the Wizard-of-OZ method, demonstrated that the estimation accuracy can be improved by the two indices. Furthermore, an automatic conversation status recognition system was developed to replace the Wizard-of-OZ procedure. The results of using it for interruptibility estimation suggest the effectiveness of the automatically recognized conversation status.
Introduction
Remote communication and online data access environments have improved with growth in computer usage and the Internet. In particular, improvements to remote information sharing environments should help to popularize distant working at satellite and home offices. On the other hand, the popularization of remote communication systems also means that there is a greater chance that workers will be interrupted by message alerts such as pop-up dialogue boxes on their PCs. However, most existing remote communication systems interrupt users without taking account of their work status, i.e., without determining whether they could be safely interrupted without disturbing their task. A prior study reported that frequent interruptions at inappropriate times can fragment thoughts of workers engaged in intellectual activities and decreases their productivity [1] .
Various studies have attempted to solve this inappropriate interruption problem by developing a means to estimate the busyness of office workers. A group of studies based their development on the general tendency that the amount of keystrokes and mouse operations reflect the user's busyness when working on a PC (PC work) [2] . This approach is effective for work associated with physical activity. However, it is difficult to apply it to work not involving physical activity. On the other hand, interruptions at breakpoints dur- ing tasks where the worker switches from one subtask to another are expected to relieve cognitive workload, even when one is engaged in an intellectual activity [3] . Moreover, it has been shown that monitoring a combination of PC operations and head movements can improve the accuracy of interruptibility estimations for non-PC work as well as PC work [4] . Business conversations among workers occasionally occur in addition to the individual works. A previous study attempted to detect visitors and phone calls by using a camera and microphone [5] . It is considered that workers having conversations should not be interrupted so as not to disturb their communication [6] . Furthermore, a previous study on automatic estimation of interruptibility based on PC activity reported that 50 percent of the estimation errors were caused by conversations in the actual office work scenario [7] . This means the interruptibility estimation in the office environment needs to reflect the status of conversations that may be taking place as well as the individual work activity. The use of an omni-directional microphone in an office is a way of involving conversations in interruptibility estimation [8] . However, a wide variety of sounds, not just voices, are present in actual office environments, and a microphone would naturally pick them up as well. Therefore, what is needed is an appropriate way to discriminate conversations from other sounds and a way to incorporate it in the interruptibility estimation. We performed preliminary experiments using the Wizard-of-OZ (WoZ) method and reported the possibility of improving the estimation accuracy [9] . However, the effectiveness on different data sets and the feasibility of developing a system functioning in a real environment remained unclear.
In the current study, we studied the effectiveness of including a conversation status, as classified by the results of the WoZ method, in the interruptibility estimation by using two different data sets. Furthermore, we developed an automatic conversation status recognition system as a potential replacement for the Wizard-of-OZ procedure, and we experimentally investigated the estimation accuracy. The experimental results suggested that inclusion of the conversation status improves the estimation accuracy; even though the automatic conversation status recognition system has recognition errors.
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Interruptibility Estimation in Real Environments
Related Work
It is reported that interruptions fragment the thoughts of workers engaged in intellectual activities and decreases their productivity [1] . Therefore, it seems that an interruption control based on an estimate of the user's state would be useful for office workers who perform such intellectual work.
Various techniques have been investigated for estimating the user's state. One approach is to estimate the type of user activity, such as talking with a visitor or using a computer [5] . For these methods to work, sensors, such as microphones and cameras have to be installed in the workplace. The estimation relies on the relationship between interruptibility and type of activity. The problem with this method is that the temporal change in interruptibility is not principally reflected when the worker continues a single task. Thus, fine-grained control of the interruption timing appears difficult.
Another approach is based on PC operations such as keystrokes and mouse clicks [2] , [10] , [11] . These activities are useful metrics for physically observable tasks. However, physical activities do not necessarily reflect intellectual activities, which should not be interrupted. Therefore, the effect of breakpoints in tasks, where one changes from one subtask to another, has been studied, and it has been demonstrated that interruptibility instantaneously increases at such breakpoints even when the user is engaged in an intellectual activity [3] . Furthermore, an interruptibility estimation method has been proposed on the basis of focused application-switching (AS), which is a potential alternative to a breakpoint estimation in a real environment [7] , [12] .
The above-mentioned interruptibility estimation methods commonly depend on task-related activities. However, conversations between workers occasionally occur in offices, and interruptibility during a conversation tends to be low [6] because people prefer their conversations not to be disturbed. The problem is that in order to engage in conversations in an office, workers would naturally pause their operations on their PCs. Therefore, the decrease in PC operation activity leads the interruptibility of this situation to be erroneously estimated as high [7] .
Effect of Conversation Status on Interruptibility
As described above, an estimation method based only on PC operations mistakenly estimates conversation states as highly interruptible. In fact, 50 percent of the estimation errors can be attributed to conversations [7] . Therefore, the detection and proper reflection of conversation is expected to improve the estimation accuracy.
On the other hand, office conversations, such as discussions and consultations, are part of most jobs, as are PC operations. Hence, the end of a conversation can be regarded as a switch from a task to another task. Therefore, the interruptibility of the worker is speculated to temporarily increase from the end of the conversation to the beginning of the next task, which is similar to the case of AS during PC operation. However, this assumption needs to be verified. In addition, the importance of the topic of conversation, such as its relevance to the business at hand, is also inferred to affect interruptibility. However, the automatic estimation of the purpose, content and importance of conversation is as yet a challenge.
We experimentally investigated the relation between interruptibility and conversation statuses classified by using the WoZ method. Furthermore, we examined the feasibility of improving the interruptibility estimation accuracy by incorporating two conversation statuses in the estimation method based on PC operation.
Interruptibility Estimation Method Reflecting Conversation Status
This section analyzes the relation between interruptibility and conversation status on the basis of the results of interruption experiments conducted on participants while they were working. After that, we develop an extended interruptibility estimation method that accounts for the conversation status as well as PC operations. Similar to the previous studies [2] , [3] , [7] , [10] , we target office workers, who perform intellectual activities at their own desk on PCs. Such work could include, for example, R&D and certain types of clerical work. Furthermore, we assume an environment where two to more than a dozen people work in an office and occasionally engage in conversations.
Interruption Experiments
We conducted a set of experiments, in which participants were interrupted while they were working. The experimental system is shown in Fig. 1 (a) . In the experiments, we recorded the PC operation information and the sound. In addition, the system interrupted the participant automatically by using a sound and a dialog box when one of the pre-programmed interruption conditions was satisfied. The participants were requested to score their subjective interruptibility in the dialog box.
The recorded operation information was keystrokes, mouse clicks, mouse wheel movement, active window name, process ID, window message (quit, clipboard), and number of opened windows. The sample interval was set to 500 ms. We installed an omni-directional microphone on the PC monitor, as shown in Fig. 1 (b) and recorded the sound at 22050 samples per second. The participants were requested to score their own interruptibility on a five-grade scale, from 1 (absolutely uninterruptible) to 5 (absolutely interruptible).
The following simple interruption rules were set to allow the experimental system to automatically collect interruptibility scores in "potential conversation" and "potential conversation ending" states.
Continuous sound detection (potential conversation):
The rate of samples in which the sound pressure exceeded the threshold is between 25 to 90 percent in the last 20 seconds, and more than 15 percent in the first half of the period. 2. End of continuous sound (potential conversation ending): Condition 1 was satisfied in the previous sample but not in the current sample. 3. Quiet period (potentially not a conversation): Other than conditions 1 and 2.
The threshold for each condition was determined on the basis of preliminary experiments. The threshold of sound pressure was set to the central value of the averages of 4-second environmental sound and eight peaks in 4-second conversational voices prior to the experiment. The period for the continuous sound detection was set to 20 seconds in order to reduce the influence of short utterances such as greetings and silent durations in conversational turn-taking. In real office environments, very short conversations, such as greetings, also occur. However, it is speculated that their influence on interruptibility is smaller than continuous conversations. Therefore, detection of short conversations was avoided by using the detection rate in both the first half and the entire part of the 20-second period. Furthermore, minimum interruption intervals, 300 seconds for continuous sound and 900 seconds for quiet periods, were imposed on each condition in order to avoid excessive numbers of interruptions and their mental bias on the subjective scores. The minimum interruption interval for the end of a conversation was set to 30 seconds because the chance to interrupt at the end of the conversation is limited.
As already mentioned, the environment is assumed to be one where two to more than a dozen people work on PCs at their own desk and engage in occasional conversations. In keeping with this assumption, the experiments were performed at university laboratories having four to ten people.
These labs had no machinery that generated loud or continuous noise.
The participants were two faculty members and eight university students in the department of computer and information sciences. The people in the room other than participants were also faculty members and university students. All the participants and room members engaged in research on their PCs. We did not impose any constraints on their conversations, work content, or other activities. We instructed the participants to perform their activities as usual, with exceptions being that we requested them not to go out for a long time and not to play music or video.
Each participant engaged in a five-hour experiment at their own desk. The main observed activities were reading and writing documents such as journal papers and reading and writing e-mails. Conversations were on their research, news, and hobbies.
Experimental Results
In reviewing the recorded data, the automatically classified conversation statuses using simple rules were different from the actual states of conversations in several cases. Therefore, we re-classified the experimental data using the WoZ method based on the following rules.
1. In conversation: a human voice has been detected in the last 10 seconds. 2. End of conversation: a human voice was detected in the last 20 seconds, but not in the period from 10 seconds before to 10 seconds after the interruption. Cases in which keystrokes or mouse clicks were detected were excluded because the PC operation implies the participant resumed his or her task. 3. Quiet period: Other than conditions 1 and 2.
The average interruptibilities of the three conversation statuses are shown in Fig. 2 . The numbers of interruptions "in conversation", at the "End of the onversation", and during "Quiet periods" were 310, 78, and 226, respectively. The average interruptibility was 2.8.
The previous studies pointed out that PC operation affects interruptibility. Hence, the data was categorized according to the PC activity in addition to the conversation status. The existence of PC activity was judged on the basis of detected keystrokes or mouse clicks within the last 30 seconds.
The results of a two-way analysis of variance (ANOVA) between conversation status and PC operation revealed that they significantly affect interruptibility [conversation status: F(2,609)=40. p<0.01], [PC operation: F(1,609)=8.3. p<0.01]. As a result of multiple-comparisons with Bonferroni's correction, interruptibility during a conversation was significantly lower and interruptibility at the end of a conversation was significantly higher than during quiet periods ["In conversation" and "Quiet period": p<0.01], ["In conversation" and "End of conversation": p<0.01], ["Quiet period" and "End of conversation": p<0.01]. These results show that the "In conversation" and "End of conversation" statuses are promising as indices for the interruptibility estimation. Furthermore, the significantly lower interruptibility for the data with PC operation suggests the influence of conversations varies in accordance with PC operations. It appears that the reflection of the conversation status on the interruptibility estimation should take account of the influence of PC operations as well.
Extension of Interruptibility Estimation Algorithm
On the basis of the results presented in 3.2, we devised an interruptibility estimation algorithm by adding conversation indices to the estimation method based on PC operation. The baseline method estimates interruptibility using two individual algorithms for the moments at the switching of a focused application software (Application-Switching: AS) and for the periods while one application software is continuously used (Not Application-Switching: NAS) [7] . During NAS period, the estimation method uses four indices relevant to PC operation activity [2] , [10] . At AS moments, interruptibility is affected by the relevance of the tasks before and after AS, in addition to the operation activity. In total, the estimation method utilizes 19 indices related to task relevance and PC operation activity [12] .
However, AS rarely occurs during conversations, because users usually stop operating their PCs while in conversation. Therefore, we introduced two conversation indices into the estimation equation for NAS. Equation (1) represents the estimation equation for NAS. The equation is composed of four indices, as shown in Table 1 . The index takes the value 1 when the condition for each index is satisfied, and 0 otherwise. The value of function f ranges from 0 to 1. The interruptibility is classified into three levels using Eq. (2).
( 1 )
The added conversation indices are shown in Table 2 . In 3.2, the results of an ANOVA suggested that the effect of "In conversation" and "End of conversation" on interruptibility together with the existence or absence of PC activity. Therefore, we defined two estimation equations for each case (Eq. (3) and (4)). After the calculation of function f, the interruptibility was estimated in three levels using Eq. (2).
PC activity :
No PC activity :
In comparison with the original estimation Eq. (1), the effects of the PC operation indices in Eq. (3) and (4) are relatively smaller, since the equations have more indices. Therefore, the same threshold has different effects on Eq. (3) and (4) from those on Eq. (1). On the other hand, the purpose of this study is to investigate the effect of the conversation status itself on interruptibility, not the thresholds. Therefore, we set the thresholds and the coefficients for indices A-D in Eq. (3) and (4) to the same values as in Eq. (1). A further discussion on the thresholds and coefficients is in 6.2. The coefficients for E and F were determined by manually exploring integer values to see which ones provided the highest precision for the analysis data set.
Automatic Conversation Status Recognition in Real Environment
A means of automatic recognition is needed in order to incorporate the conversation status into an interruptibility estimation system. However, even with such a system, the estimation accuracy might not improve since recognition errors are unavoidable. Therefore, we developed an automatic conversation status recognition system and experimentally examined its effect on the estimation accuracy.
Automatic Conversational Voice Detection
Conversation recognition requires a two-stage algorithm. The first stage is the conversational voice detection. The second stage is the recognition of whether the detected voice is a part of conversational utterance or not. Numerous automatic human voice detection algorithms have been proposed, including ones based on periodicity [13] , power ratio in the frequency domain [14] , and frequency deviation [15] - [17] . To correctly recognize the conversation period and the end of the conversation, the voice of the talking partner, not only the target person of the estimation, has to be detected. In this case, as the distance from the microphone increases, the voice detection function gets more susceptible to background noise. In addition, in real office environments, noises that have periodicity and frequency components close to those of human voices exist; these noises include the ringers of phones and fricative sounds of objects on motion. Therefore, we attempted to detect voice activity using the following method based on the features of the human voice and by referring to previous studies. Figure 3 shows an example of a sound pressure wave- form of a conversational voice lasting 2.5 seconds together with its spectrogram obtained by wavelet transform. Conversational voices have pitch frequencies ranging from 80 to 180 Hz for men and from 160 to 280 Hz for women [18] . The pitch and its harmonics form a striped pattern [19] . Moreover, the pitch frequency deviation within a mora is smaller compared with the frequency change between mora [20] . Therefore, we used harmonicity, the pitch deviation rate, and the sound pressure conditions for the human voice detection. The voice detection procedure is shown in Fig. 4 . The detection is performed at 0.5 second intervals. Input sound is divided into 160-ms bins and transformed with a continuous wavelet transform at 1/128 th second intervals. The pitch and the second harmonic frequencies are detected by detecting the peaks in the frequency domain. The pitch frequency is searched within a range of 80 to 360 Hz. After the calculation of the average for 0.5 seconds and the variances for eight subsections, the sample is detected as a conversational voice if the following four conditions are satisfied.
1. Harmonicity condition 1 (the existence of second harmonic): A peak exists in the range from 1.68 to 2.37 times the pitch frequency. 2. Harmonicity condition 2 (clarity of stripe pattern): The powers of both the pitch and the second harmonic are more than ten times larger than the powers of the intermediate frequency of the pitch and the second harmonic. 3. Pitch deviation condition: The number of subsections whose pitch variance is less than 40 Hz is more than 3. 4. Sound pressure condition: The sound pressure is at least 1.2 times that of the environmental sound.
The thresholds for each condition were experimentally determined and by referring to previous studies.
Automatic Conversation Status Recognition
The automatic conversation status recognition algorithm uses a voice detection rate similar to the interruption rules for the experiment, in consideration of short conversations such as greetings and silent durations in conversational turntaking. The threshold of the voice detection rate for the "In conversation" state was lowered from 25 percent to 15 percent to compensate for voice detection failures.
In conversation:
The rate of samples whose sound pressure exceeded the threshold is between 15 to 90 percent in the last 20 seconds, and more than 15 percent occur in the first half of the period. 2. End of conversation: Condition 1 was satisfied in the previous sample but not in the current sample. 3. Quiet period: Other than conditions 1 and 2.
Results of Interruptibility Estimation
We examined the possibility of using the conversation status to improve the accuracy of the interruptibility estimation.
Estimation Results Using WoZ Method
We applied the proposed interruptibility estimation method to the analysis data set that was used for the estimation indices selection. The conversation status of the data was classified using the WoZ method. The accuracy was evaluated on the basis of the ratio of the subjective interruptibility scores. For comparison, the five-level subjective evaluation scores that participants evaluated were converted into threelevel scores. Figure 5 (a) shows the results of the estimation using the previously proposed PC operation-based indices. Figure 5 (b, c, d) shows the offline estimates for the inclusion of the "In conversation", "End of conversation", and both indices, in addition to the PC operation-based indices.
As shown in Fig. 5 (a) , the precision of the previous method for high interruptibility was 0.40. It appears that decreased PC operation activity during a conversation caused the interruptibility to be evaluated as high. The F value that is the average of precision and recall was 0.38. On the other hand, inclusion of the "In conversation" index improved the precision for high interruptibility to 0.48. In particular, the high-risk estimation error, which is the error of estimating a low interruptibility as high, decreased to 0.31, and the F value increased to 0.41.
As speculated in 2.2, the inclusion of the "End of conversation" state also improved the precision for high interruptibility to 0.45 and the F value to 0.40, respectively. The application of both indices had a greater effect than the application of each individual index; using both improved the precision to 0.59. The high-risk estimation error rate decreased to 0.18, which implies a reduction in the work inhibition risk. The PC operation-based method principally views a decrease in PC operation activity caused by conversation as work stagnation. It appears this sort of error was reduced by including the conversation status. In addition, the precision for low interruptibility was higher than with the PC operation-only method. These results imply that the conversation status improves the estimation accuracy especially for high interruptibility.
Estimation Results for Different Data Set
The interruptibility estimation accuracy was examined for a different data set that was collected in another set of experiments. The experimental system and the conditions were the same as in the previous experiments. We recorded 5-hour data, each of two faculty members and eight students. The conversation status was classified by WoZ method again.
Figures 6 (a) and (b) are respectively the estimation results using the PC operation-based indices only and the PCbased and conversation indices. Similar to the results for analysis data set, the precision for high interruptibility improved from 0.49 to 0.68 as a result of including the conversation status. The high-risk estimation error decreased from 0.30 to 0.13. The F value also improved from 0.40 to 0.45. These accuracy improvements suggest the effectiveness of the two conversation indices on the interruptibility estimation.
Estimation Results Using Automatic Conversation Status Recognition
By applying WoZ method, the effect of including the conversation status on estimation accuracy was demonstrated.
In this section, we discuss the feasibility of the estimation accuracy improvement by applying the automatic conversation status recognition method described in the previous section. Figure 7 shows the interruptibility estimation results based on the automatic conversation status recognition. Figure 7 (a) and (b) represent the results for the analysis data set and the evaluation data set. In comparison with the PC operation-based method shown in Fig. 5 (a) and Fig. 6 (a) , the precision for high interruptibility are improved in a similar way to the results for the WoZ method. The rate of highrisk estimation errors decreased by more than 0.10 in both Table 3 Results of conversation recognition (number of samples). data sets. The F value also improved to 0.40 in the analyzed data and 0.42 in the evaluation data set. On the other hand, in comparison with the results for the WoZ method in Fig. 5 and Fig. 6 , the estimation accuracy was lower; the precision for high interruptibility was 0.49 in the analysis data set, and 0.57 in the evaluation data set. The improvement effect was about the half of the interruptibility estimation results using the WoZ method. It appears that the lower precisions are due to errors in recognizing the conversation status. Table 3 shows the results of the automatic conversation status recognition for the analysis data set. The average precision and recall of the conversation status recognition were 0.77 and 0.77. An improvement in conversation status recognition accuracy may be able to improve the interruptibility estimation accuracy to a level equivalent to that of the WoZ method. The causes and the feasibility of such an improvement will be discussed in 6.1. Although the automatic conversation status recognition algorithm still has estimation errors, the improvement of the estimation accuracy was demonstrated. It implies that automatic recognition and inclusion of a conversation status is a promising way to improve the accuracy of the interruptibility estimation.
Discussion
Feasibility of Improving the Accuracy of Automatic Conversation Status Recognition
In the interruptibility estimation based on the automatic conversation status recognition, the precision for high interruptibility was improved and the rate of high-risk errors was decreased. However, in comparison with the results using the WoZ method, the improvement effect was about half. As shown in Table 3 , the accuracy of the automatic conversation status recognition was less than 80 percent. Since the two conversation indices have opposite effects on interruptibility as revealed in the experiments, it appears the lower estimation accuracy was due to the errors in detection between the two indices. Therefore, we manually checked the incorrectly recognized sections. The major cause was the failure to detect the voice of the conversational partner when environmental noise such as from an air conditioner decreased the S/N ratio. In addition, failures to detect the pitch and harmonics occurred when more than one person spoke simultaneously. The deterioration due to the former cause can be alleviated by performing the voice detection after the noise compo- nent in the signal is suppressed [21] . The latter cause might be improved by detecting individual voice features for each speaker.
Feasibility of Interruptibility Estimation Accuracy Improvement
The use of two states, i.e., "In conversation" and "End of conversation", improved the accuracy of the interruptibility estimations for office work with occasional conversations. The results of the experiment also support the hypothesis that interruptibility temporarily increases at the end of a conversation. In this study, to examine the effect of the conversation status alone, the thresholds and the coefficients for indices A-D were set to the same values as in the previous method described in 3.3. However, the used thresholds and coefficients were obviously not optimal because the number of indices is large and the proposed algorithm distinguishes situations depending on the existence of PC activity. Accordingly, we set the threshold at 0.125 for high interruptibility. Setting a high interruptibility threshold improved the precision for both data sets. Despite this, the recall and F value decreased for both sets. If we are to make further improvements to the estimation accuracy, the thresholds and coefficients need to be examined.
It was confirmed that interruptibility during a conversation tends to be low. However, in the experiments of this study, some participants said their interruptibility was high during some conversations. They reported that they were at ease being interrupted when the conversation was not important. This suggests that interruptibility varies depending on the importance of the conversation.
Since an interruptibility variation depending on conversational content was suggested, we manually classified the conversational content at the moments of the interruptibility evaluation in the analysis data set into "casual chat" or "serious discussion", and compared the interruptibility scores for the two categories, as shown in Fig. 8 . The number of interruptions during casual chats was 60 out of 310 interruptions. The average interruptibility was 3.8. On the other hand, the number of interruptions during serious discussions was 250, and their average interruptibility was 2.1. A sig- nificant difference was observed between them in Welch's t-test [t(101)=2.0, p<0.01]. This suggests that interruptibility differs depending on the conversational content. Therefore, the estimation accuracy is expected to be improved by developing an automatic recognition technology of the conversational content.
An effective recognition method of the conversational content will require speech recognition and text processing technologies. However, a substitutive approach such as detection and counting of instances of laughter based on phonological features might be feasible. As an alternative, we can consider the conversation duration. A low interruptibility conversation, such as an important conversation or serious discussion, is expected to be longer. Accordingly, we analyzed the correlation between the interruptibility and the elapsed time from the beginning of the conversation. The results showed weak negative correlation. Therefore, we defined two conversation types, "Short conversation" and "Long conversation". The threshold for dividing the two types was set to 120 seconds based on the results of a cluster analysis. The interruptibility scores for the two conversation types are shown in Fig. 9 . The average interruptibilities of "Short conversations" and "Long conversations" were 2.6 and 1.9, respectively. A significant difference between them was confirmed by Welch's t-test [t(103)=2.0, p<0.01]. These results suggest the effectiveness of the conversation duration on improving the accuracy of the interruptibility estimation. Further improvements can be expected by devising a method of estimating the importance of a conversation.
Conclusions
This study is a step toward the goal of realizing an interruptibility estimation that will work in actual office environments. Here, we focused on the conversation status, especially the possibility of a temporary increase in interruptibility at the end of a conversation. The experiments based on the WoZ method demonstrated the improvement in accuracy had by incorporating this conversation status into the interruptibility estimation. After that, we developed an automatic conversation status recognition system based on the voice detection rate and confirmed that it improved the estimation accuracy on actual data sets. Future work will include improving the recognition accuracy of the conversation status, an exploration of the optimal thresholds and coefficients, and a study on how to reflect the conversational content and importance in the interruptibility estimation.
